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Abstract 

Gait recognition, as a promising biometric, can be used in video-based surveillance and other security systems. 

However, due to the complexity of leg movement and the difference of external sampling conditions, gait 

recognition still faces many problems to be addressed.  In this paper, an improved convolutional neural network 

(CNN) based on Gabor filter is therefore proposed to achieve gait recognition. Firstly, a gait feature extraction 

layer based on Gabor filter is inserted into the traditional CNNs, which is used to extract gait features from gait 

silhouette images. Then, in the process of gait classification, using the output of CNN as input, we utilize metric 

learning techniques to calculate distance between two gaits and achieve gait classification by k-nearest 

neighbors classifiers. Finally, several experiments are conducted on two open-accessed gait datasets and 

demonstrate that our method reaches state-of-the-art performances in terms of correct recognition rate on the 

OULP and CASIA-B datasets. 
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1. Introduction 

In the last decades, gait recognition has received considerable attention [1] for its non-invasive to 

individuals and compatibility from a long distance. Gait recognition determines the identity of an 

unknown person in a video by means of regularity features extracted from changes in the posture of the 

person walking. However, due to the influence of various factors such as different dressing condition, 

weight bearing situation and ground levelling, currently, gait recognition research faces many challenges 

[2,3]. In addition, variations of the positional relationship between the camera’s viewing direction and 

the walking direction of a target person, as well as the influence of illumination changes, are also 

unpredictable factors in gait recognition. 

An effective way to solve the problem of gait recognition is to make the most use of deep learning 

techniques [4] to extract the most discriminative features of gait from a large number of gait samples and 

there are has been extensive research regarding gait recognition.  For example, Wu et al. [5] and 

Takemura et al. [6] demonstrated that convolutional neural networks (CNNs) can be used in cross-view 

human identification based on gait recognition. Nevertheless, although gait recognition has yielded some 

exciting experimental results, gait recognition remains at the laboratory stage. 
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The present paper proposed a novel CNN based on Gabor filter, namely, GF-CNN. In the GF-CNN, 

we embed a gait feature extraction layer based on Gabor filter, which was used to extract gait features 

from gait contour images. Furthermore, in the stage of gait classification, to measure the distance between 

gait features more effectively, we utilized the technique of metric learning to calculate distance and 

achieved gait classification by k-nearest neighbors (KNN) classifiers. Finally, we conducted several 

experiments on two well-known gait datasets to evaluate the proposed framework. Experimental results 

demonstrate that by incorporating GF-CNN network and a metric learning-based (ML-based) gait 

classification algorithm, we can significantly increase the correct recognition rate (CRR). 

The rest of this work is structured as follows: in Section 2, we review the gait recognition approaches 

that were proposed in recent years. In the next section, we propose a ML-based framework for gait 

recognition. In Section 4, we conduct two comparative experiments and compare the existing and 

proposed methods in terms of correct recognition rates. In the final section, we conclude this work. 

 

 

2. Related Work 

Most of the existing gait recognition approaches could be grouped as shallow-learning-based (SL-

based) methods and deep-learning-based (DL-based) methods. Generally, both these methods use gait 

energy images (GEI) or its variants as input, which was firstly proposed in [7]. GEI reflects main in-

formation of human walking status.  Therefore, in some degree, GEIs are the energy accumulation of gait 

changing within a gait cycle. The points having larger values in a GEI reflect human body changes faster 

in the corresponding positions. 

SL-based gait recognition methods utilize traditional machine learning technology to extract gait 

features, design and train classifiers to complete gait classification and recognition. Choi et al. [8] pre-

sented an approach of comparing two gaits, which can minimize impacts of such varieties factors as view 

changing. In [9], the authors proposed a gait recognition method that utilized a (2D)2PCA algorithm to 

scale down the dimension of gait features. Bakchy et al. [10] proposed a developed technique for gait 

identification, which used Kohonen self-organizing mapping neural network and utilized robust view 

transformation models to solve the problem of viewing angle changing. Wang and Yan [11] employed 

continuous density hidden Markov models to perform gait recognition. Besides, they used an adaptive 

algorithm based on Cox regression analysis to adaptively adjust parameters of each gait models. 

On the other hand, DL-based gait recognition methods make the most use of the latest deep learning 

technology to achieve gait feature extraction or gait classification. Sokolova and Konushin [12] presented 

a pose-based CNN network architecture to achieve gait classification, which estimated the optical flow 

between consecutive frames. In [13], by combining several basic gait learners together, an ensemble 

learning-based gait recognition method was proposed. In [14], the authors proposed a framework for 

resolving the problem of cross-view gait recognition by making the most use of GEIs and sparse 

autoencoders. In [15], the authors introduced a gait identification method on the basis of radar signals, 

which utilize several processing technologies to extract multiple feature representations. Wang and Feng 

[16] proposed an ensemble learning framework for gait recognition, which combined two types of base 

gait classifiers. 
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3. ML-Based Gait Classification 

In this section, we will describe the two key steps in gait recognition, feature extraction and gait 

classification respectively. Fig. 1 shows the flow chart of our method. Different from traditional CNN-

based methods, we have made three improvements. First, we used a Gabor filter in the input layer to pre-

process the input gait silhouette images. Secondly, we removed the SoftMax layer at the end of the CNN 

network. The gait feature vectors extracted by the convolutional layers and the pooling layers are input 

into a KNN classifier. Thirdly, in the KNN classifier, we employ a ML-based algorithm to calculate the 

distance between gait vectors. This distance calculation method based on metric learning does not need 

to set the number of individuals in the gait dataset in advance, so we can conveniently increase the 

capacity of the gait dataset and incrementally train it. 

 

 
Fig. 1. Flow chart of the proposed method. 

 

3.1 Feature Extraction 

The process of feature extraction consists of an input layer and a series of convolutional and pooling 

layers. We firstly use Gabor filters in the input layer to pre-process the inputting gait silhouette images.  

In image processing, Gabor filters are special functions to extract features. In constructing the Gabor 

filter, we select the real part of a Gauss filter two-dimensional wavelet transforms as the Gabor filter, 

because the real part after the transformation is closer to the features of generally gait image. The Gabor 

filter is defined as: 
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where  represents the standard deviation of the Gaussian factor in a Gabor function, which follows the 

bandwidth changes. The smaller the bandwidth, the larger the value of . specifies the two-

dimensional rotation angle of the Gabor filter, that is, the angle between the gradient direction of the gait 

image and the walking direction. is the wavelength in pixels. is the aspect ratio that determines the 

flatness of a Gabor function. 

Then, a series of Conv-Pooling pairs is used to further extract gait characteristics. The convolution 

layers are responsible for extracting features, while the pooling layers are responsible for filtering 

features. We used three convolutional layers and three pooling layers. The kernel sizes corresponding to 

the three convolutional layers (named CONV1, CONV2, and CONV3 as shown in Fig. 1) are 3×3, 3×3, 

and 5×5 respectively. In the pooling layers, we all employ the max-pooling strategy with 2×2 filters and 

stride 2. In order to train the CNN network in Fig. 1, we added a temporary SoftMax layer to calculate 

the loss. Backpropagation algorithm is used to compute the gradient of the cost function and update the 

weights in each layer. 

 

3.2 Metric Learning-Based Gait Recognition 

How to calculate the distance between two adjacent samples is an essential step in the process of KNN-

based identification. In the stage of gait classification, we use metric learning techniques to calculate the 

distance between different gait feature vectors. The final goal of metric learning is to reduce intra-class 

distance, and, at the same time, to increase the inter-class distance. By learning the distance between the 

gait data, the metric learning can be used to analyses the association information between the gait 

samples; at the same time, the most distinguishable gait features can be extracted, thereby improving the 

correct recognition rate of the subsequent classification process. 

Let   is a function over vector space , then M can be called a metric only if for all 

vectors  , they meet the following relationship [17]: 

1) ;  

2) ;  

3)  ;  

4) .  

In this paper, we utilize a metric model to learn the Mahalanobis distance of different gait vectors. The 

Mahalanobis distance is a distance based on the sample distribution, which is a normalized format of the 

Euclidean distance. Such normalized space is the principal component decomposition of the sample data 

by principal component analysis. Then all the principal component decomposition axes are normalized 

to form a new coordinate axis. The space formed by these axes is the normalized principal component 

space. Assuming the gait feature vector set extracted by GF-CNN is , then the 

Mahalanobis distance between two gait feature vectors vj and vk is defined as: 
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robustness of KNN-based gait classification, we utilize an even more strict constraints for learning the 

Mahalanobis distance, i.e., to keep a large distance between impostors and the perimeters established by 

the neighbors from the same person [18]. 

 

 

4. Experimental Results 

For evaluating the GF-CNN-based gait recognition method, two comparative experiments are 

conducted on two open-accessed gait datasets. 

 

4.1 Experimental Configurations 

In our experiments, we used the two open-accessed gait datasets: 

1) Gait database from CASIA (tagged as CASIA-B) [19]. CASIA dataset B is a large-scale cross-view 

dataset including 124 individuals, which provides clear separation of view angles and other external 

factors, such as clothing changes, carrying, etc. CASIA dataset B enables our evaluations due to other 

effects, such as camera axis changing, different dressing, with or without a bag. The walking videos were 

sampled using eleven cameras set at different positions, distributed from 0° to 180°. 

2) LP gait database from OU-ISIR (tagged as OU-ISIR-LP) [20]. OU-ISIR-LP was sampled by Osaka 

University, which includes gait videos from two cameras at different positions. The OU-ISIR large 

population dataset includes subset A and subset B. Subset A is a set of two sequences per object and 

subset B is a set of one sequence per object. Besides, each of these subsets is further divided into five 

groups with view angles 55°, 65°, 75°, and 85° separately. The dataset consists of more than 4,000 

individuals captured by two cameras at 30 fps with 640×480 pixels. 

Furthermore, we used CMC curves [21] to display the experimental data and compare different 

correction recognition rate of different methods. A CMC curve is a precision curve that provides 

recognition precision for each rank, which expresses the performance of a recognition system and returns 

ranked lists of candidates. The x-axis of CMC curves is rank of recognition, and the y-axis is precision 

percent. To estimate the CMC of a recognition system, the quantitative similarity degrees between an 

unknown gait and gaits in test set are ranked from large to small order. Generally, if the quantitative 

similarity degree related to the correct identification sample from a given enrolment dataset is smaller, 

the recognition process is more successful. Besides, in our comparative experiment, six existing methods 

were considered, namely, Original GEI [7], RVTM [10], CDHMM [11], 2D2PCA [9], and a simple CNN 

method. 

 

4.2 Experiment on CASIA Gait Dataset B 

In this experiment, we divided all gait silhouette images in CASIA-B into training sets and test sets 

according to the ratio of 8:2. The four existing methods and the simple CNN method we implemented 

are involved in the comparison. The CMC curves are shown in Fig. 2. 

The results shown in Fig. 2 demonstrate that GF-CNN-based approach outperforms other methods in 

terms of correct recognition rates. This is mainly because the method in this paper adopts a more effective 

distance calculation method based on metric learning. In addition, Fig. 2 also shows that the DL-based 
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methods outperform the SL-based methods. The main reason is because the gait features extracted by 

deep learning techniques are more discriminative than those extracted by traditional methods. 

 

4.3 Experiment on OU-ISIR Large Population Dataset 

This experiment makes use of the gait silhouette images from OU-IRIS large population dataset. The 

training set contains 2,068 samples of 1,034 persons. For each person, one sample is under his/her own 

carried objects condition, another sample is without his/her carried objects. The test set contains 1,036 

persons with carried objects that is disjoint from the 1,034 subjects in the training set. Similar to the 

previous experiment, this comparative experiment still uses four existing methods, as well as a simple 

CNN method that is implemented by us. The experimental results are shown in Fig. 3. 

 

 

Fig. 2. Comparison of six approaches on CASIA-B dataset. 

 

 

Fig. 3. Comparison of six approaches on OU-ISIR-LP dataset. 
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Fig. 3 demonstrates that the proposed method in this paper works better than other methods. The reason 

for this result is that the proposed method in this work uses Gabor filter-based gait feature pre-processing 

algorithm, and the calculation method of distance between gait feature vectors makes the most of metric 

learning techniques. In addition, compared with the previous experiment, all the methods in this 

experiment are generally improved. This is mainly because the external interference conditions of the 

gait samples used in this experiment are relatively simple. 

 

 

5. Conclusion 

In this work, a GF-CNN-based gait classification method is presented, which improve the traditional 

CNN from two aspects: (1) introduce a new type of feature extraction layer by utilizing Gabor filters, and 

(2) replace the traditional distance calculation method in gait classification with a new one based on 

metric learning technique. With the proposed method, we have carried out comparative experiments with 

the CASIA-B and OU-ISIR-LP datasets, showing its robustness to cross-view conditions, and its 

generalization ability to large-scale datasets. 

As one possible limitation of our work, our method has only been evaluated on two gait databases with 

indoor scenes. With outdoor scenes in more complex backgrounds, the performance of the proposed 

method needs further verification. In future work, we will focus on how to extend the proposed method 

on other gait datasets with outdoor scenes. 
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